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ABSTRACT
Ambient Intelligence (AmI) refers to a networked environment of computing devices for implementing
a "smart" system. AmI is built using sensors and actuators connected through real-time networks. The
data and signals captured from sensors are ambiguous for both human and machine. Artificial
Intelligence (AI) is merged into an ambient environment to translate data and signals into a language
understandable by human users and can help transform an operational setting from machine-centered
to human-centered. However, the implementation of AI technology into an ambient environment
requires quantitative modeling approaches to emphasize system requirements analysis and more
detailed design specifications. This article tries to give a clear snapshot of the design and structure of
advanced AmI technology for an ambient-intelligent decision support system (Am-IDSS) for
augmenting and extending the smart manufacturing landscape. Our approach is to explore the basic
principles of an Am-IDSS architecture and structure concerning the role of the Internet, data, Industrial
robotics, and other AI technologies. The structure of an Am-IDSS includes components for
collaboration, an architecture for human-centered decision support, components for knowledge
management, decision-making process support, and user-interface innovations. Therefore, having a
system engineering design of an Am-IDSS is necessary for exploring and merging advanced
manufacturing processes, rapid prototyping, collaborative virtual factory platforms, and open
manufacturing into smart manufacturing landscape. To supplement this research, we concluded the
study by proposing managerial suggestions for systems development and observations about future
trends in implementing Am-IDSS.
Keywords: Ambient Intelligence, Artificial Intelligent, decision support system, human-centered
operation, smart manufacturing

INTRODUCTION
Competitiveness among companies and nations is forcing decision makers in companies to strategically
re-creating manufacturing processes and supply chains toward smart production. The goals of smart
manufacturing include: 1) optimizing production and increasing profitability and innovation, 2)
responding to market changes faster and with agility, 3) better-informed decisions, and 4) more
flexibility in physical processes, cf., Clemons, 2018. Smart manufacturing can create dynamic,
competitive operations, and global supply chains by using intelligent computerized control, advanced
information technologies, the Internet of Things (IoT) technologies, and flexible manufacturing
systems.
Research in the broad area of smart manufacturing and its challenges for encompassing IDSS into the
production process appeared in a wide range of topics and methodologies. For instance, Simeone et al.
(2019) investigated the requirements for cloud manufacturing platform for making a sharing platform
in the smart manufacturing network. Weber (2018) introduced effective stakeholders in measuring key
performance indicators (KPIs) for the smart production process in the high-tech industry. Meng et al.

(2018) considered the smart recovery decision-making process for sustainable manufacturing purposes.
Latorre-Biel et al. (2018) designed a Petri net model of a smart factory regarding the Industry 4.0
paradigm as virtualization for decision making support. Avventuroso et al. (2017) introduced a
networked production system to implement virtual enterprise and product lifecycle information loops.
Preuveneers et al. (2017) reviewed the emerging trends on the smartness of manufacturing, including
the relevant research challenges and opportunities to shape an IDSS. Brodsky et al. (2014) investigated
the decision support system for reusable components, including knowledge, data, control variables, and
decisions, for leading the environment to the smartness. However, there is a lack of a good snapshot of
quantitative modeling approaches and trends based on system engineering design, emphasizing system
requirements analysis and specification, the use of alternative analytical methods and systems’
evaluation.
The purpose of this article is to introduce an IDSS based on AmI technology for smart manufacturing
landscape, emphasizing on design and structure of AmI technology and covers the technological
foundations of smart manufacturing. To build essential knowledge around AI technology and its role in
influencing Am-IDSS platform, we are focusing almost exclusively on issues relevant to understanding,
constructing, and analyzing the diﬀerent challenges of smart manufacturing from the system
engineering point of views based on human-centric computer (HCC) interaction design.
Our approach is to explain the basic principles of Am-IDSS structure in the area of smart manufacturing.
First, we address the new and rapidly growing role of the internet and high-tech computing in
manufacturing. Other topics include the definition of smart manufacturing, smart DSS, AI potentials
for smart manufacturing, and the necessity for advance Am-IDSS in smart manufacturing. Thereafter,
problems of coordinating the advanced robotics, Cyber-Physical systems (CPS), IoT and admitting the
big-data, machine learning, and cloud and cognitive computing in the industry will be discussed.
Following these topics, the structure of Am-IDSS including component of collaborations, services and
logical issues in Am-IDSS, infrastructural layers of Am-IDSS such as physical, functional, integrated,
and human-computer layers, architecture of human-centered DSS, components of database module,
information collection components, components of knowledge management (KM) module, decision
making process components, and user-interface components will be reviewed. The system engineering
design of each model implements the role of AI in different segments of Am-IDSS. Models and
applications of Am-IDSS for smart manufacturing will be explored, including (not limited) the
advanced manufacturing processes, rapid prototyping; collaborative virtual factory (VF) platforms;
advanced human-machine interaction (HMI); machine-to-machine (M2M) communication; and open
manufacturing. The development and future trend of IDSS for smart manufacturing such as HCC and
Information architect (IA) will be discussed.
The study will be concluded by providing recommendations for further research and align our mindset
for the next step. From the gap in the literature, we propose some areas for further investigation, for
those who are interested in walking into the field of IDSS for smart manufacturing.

BACKGROUND
AmI is becoming an interesting emerging topic after the birth of the fourth industrial revolution and
smart manufacturing. In a manufacturing environment with AmI setting, human’s senses and their
actions, machine and materials, temperature, etc. are becoming feasible; therefore, creating a platform
or software to interpret and act on data from sensors in real-time is a significant problem. In this
sphere of influence, several studies have been done to show how AmI can bring impact for decision
makers in different fields, such as transportation (Ocalir-Akunal, 2016), healthcare (Tawfik & Anya,
2015), and disaster management (Fersini et al., 2017). However, only limited works consummated in
this sphere for smart manufacturing.
A unified structure of an integrated expert system and DSS for designing an IDSS for the first time was
discussed in the late 80s by Teng et al. (1988). Later, after the birth of AmI in the late 1990s and increase
of interest in user-experience and user-evaluation, during the revolution from mass production to mass
customization, Kim et al. (2004) were among of the first researchers who integrated the human-centered
knowledge into the IDSS. Following them, Filip (2008) designed the IDSS for large-scale complex

systems with the perspective of advanced IDSS, including the AI-based techniques, the concept of the
AmI, and mixed-knowledge IDSS approach. Marreiros et al. (2009) invented the augmented DSS based
on intelligent sensors which can simulate the behavior of human users. Vrana and Aly (2009) enter to
this area from reverse engineering solution, where they design the infrastructure of AmI into DSS after
the implementation of smart decision making into the managerial level, and analyzing the system
requirements, quality, and performance from human performance.
Although, almost all researches have been investigated on the benefits and bright future of
consolidation of AmI and decision making and production process, Gandy (2010) surveyed on
challenges, difficulties and disadvantage of using AmI in DSS including, ethical concerns, data quality,
human emotionalism, and economical concerns due to technological assessments and discriminations.
Some studies considered knowledge management, and re-usability of knowledge from the machine for
human users or human users for machines into the IDSS (Brodsky et al., 2017; Kim et al. 2008; Urosevic
et al. 2006). In the work of Chen & Chen (2010) ubiquitous computing environment is combined into
decision-making process and presented the context-aware DSS.
More recently, after the genesis of the fourth industrial revolution, literature involved with the concept
and application of smart and intelligent manufacturing multiplied. Kaklauskas (2015) deliberated the
ideas of AmI and IoT and their link into the IDSS; however, the article mainly discussed on concepts
rather than the design of the systems. Robinson et al. (2015) investigated the application of AmI in
manufacturing for energy saving and efficiency. In their study, in addition to presenting a
comprehensive survey on the use of AmI, they suggested general information regards to the system
implementation and requirements of AmI adhered processes. Tyrychtr et al. (2016) merged the concept
of online analytical processing (OLAP) into the AmI for constructing a smarter DSS. Martinho et al.
(2017) introduced a ubiquitous group decision support system for facilitating human-human interaction
in IDSS. Gomes et al. (2016) had an in-depth look at the architecture of production and control planning
of a system merged with AmI technology. Similarly, Menascé et al. (2015) designed a structure for
automated smart manufacturing upon the IDSS for production and control planning.
Our approach in this study is the general framework of the used case analysis presented in Gomes et al.
(2016) for Am-IDSS. In this study, we flashback to the past, when Kim et al. (2004) brought the humancentered knowledge into the decision-making system. Regards to their modeling and design, we update
it with the AmI and smart manufacturing perspective.

SYSTEM DESIGN OF IDSS: CHALLENGES AND COMPONENTS
The collaborative component is the first and most constructive component of an Am-IDSS. It can
provide different aspects of design for an Am-IDSS. It also helps the nature of organizations or
businesses to become more distributed and dynamic. The distributed concepts could be any properties
or entities of an organization such as knowledge, humans, specialization, tasks, and contexts when there
is no limitation regarding roles, time, geography, and structure. A collaborative component can describe
through the 1) application of collaboration, 2) collaborators (human users), 3) fundamental, process,
and issues of collaboration, and 4) collaboration enable technology and environment.
Knowledge is the next and the most vital component for Am-IDSS. It can be originated from data,
expert system, collaboration, documents, and intelligent models (Power et al., 2018). It can increase the
level of understanding of problem-solving and decision making. Knowledge should be shareable
(knowledge sharing, KS), producible (knowledge production, KP), integrative (knowledge integration,
KI), and acquisitional (Knowledge acquisition, KA). Within the decision-making process, firstly,
knowledge is captured (KA) either manually or automatically. Knowledge is represented in different
formats and is required to be stored and fusion (KI) for further analysis. Later knowledge needs to be
shared (KS) among different parts of an organization for human brainstorming or system enhancement
and preventive maintenance. KS causes the creation of new knowledge or innovation (KP). At the end
of each loop, KP should be validated to become KA for the next loop.
Interaction among the participants in a collaborative Am-IDSS to use the knowledge can take place in
a distributed environment. A distributed environment for intelligent processing required actuators,
sensors, and mobile devices to make collaboration and communication possible, depending on how

wide the environment is expanded. Besides, the interaction and processing should proceed in a realtime but virtual system. Additional technologies, such as word sense disambiguation (Ruas et al., 2019),
are enforced to interpret the knowledge of different languages (such as image, signal) and formats to a
unique and singular terminology. AI, as a comprehensive and intelligent tool, can deal with different
parts of the knowledge processing from KA to KP.
In a collaborative environment, the participants' interaction is not entirely accepted and respected by
all users. Decision makers may have arguments for supporting or ignoring alternative solutions. The
level of acceptance or rejection is highly depended on the level of interaction and understanding the
shared knowledge. Therefore, communication in any scale from M2M, human-to-machine (H2M) or
human-to-human (H2H) depends on the point of interaction called interface. The better the interface is,
the higher the level of interaction will be.
Interfaced interaction should be independent of time, location, and the number of users (group or
individual). Consider the independence characteristic of interfaced interactions, the semantic web could
be as one of the best environments for sharing and interaction. Semantic web increases the accessibility
and interface-ability, and a consequently higher number of users, which leads to more innovative and
accurate decisions.
An increase in the number of users brings diversity. Therefore, considering the independence
characteristics of interfaced interaction, an interactive user interface system is required for better
communication and interaction among users (human or machine). HCC can manage the interaction
between users through human-computer interaction. Note that HCC can manage the H2H interaction,
since, in a distributed environment and semantic web, humans communicate through the machine with
each other, either in hierarchy or anarchy level. However, regardless of the levels of interfaces, in any
level of interaction, either in H2H, M2M, or H2M communication and interaction may not be
understandable for all users. Additional technologies (such as word sense disambiguation) are required
to determine the sense of ambiguous interactions according to its context and prepare it for the needs of
all levels of users.
Consider the aforementioned components of an Am-IDSS; Figure 1 illustrates a collaborative Am-IDSS
module, and Figure 2 performs the class diagram for AmI based design.

Figure 1. A collaborative module of an intelligent decision support system based on AmI.

Figure 2. Class diagram for AmI based design.

MODEL AND APPLICATION OF AMBIENT INTELLIGENCE FOR IDSS
A. AmI’s components
According to the Aarts & Marzano (2003), the main components of AmI are classified into two classes
of intelligent aspects including “personalization”, “adaptability” and “anticipatory”, and ambient
aspects including “context-aware” and “embedded”. Following we describe the meaning of each
concept.
Am-IDSS is embedded (Agana et al., 2019; Bonci et al., 2019). In an embedded system, many
networked devices are integrated into the environment and environment intelligently processes in a realtime setting. The core part of the embedded system is microcontrollers or microprocessors, which are
available in a wide range of devices such as the smartwatch, intelligent traffic light, hybrid vehicle, and
medical devices.
Am-IDSS is context-aware (Mahfooz Ul Haque et al., 2019; Triboan et al., 2019; Belkadi et al., 2019).
In a context-aware system, a mobile device in a network is integrated into the environment to identify
the situation (mainly location) of the user. The essential requirement of a context-aware system is
connecting devices into the pervasive or ubiquitous computing system to deal with the network linking
and environmental ambiguous.
Am-IDSS is personalized (Park et al., 2019; Bag et al., 2019). In a personalized system, environment
and information are customized for users' preference. Personalization is included the behavior, context,
historical data, technology, and collaborators. The goal of personalization is user/customer satisfaction.
Therefore, AmI is tightly engaged with mass customization or mass personalization.
Am-IDSS is adaptive (Murphy et al., 2019). In an adaptive system, the setting of the environment is
changeable based on the need and preference of the user; in fact, the user can change the setting. The
intelligent adaptation is from the machine, algorithm, or decision for humans, but the diverse form of
adaptation from human to machine is not in the context of the Am-IDSS. In other words, humans will
not adapt themselves to machines.

Am-IDSS is anticipatory (Lughofer, 2019; Panetto et al., 2019). In an anticipated system, the
environment can make a decision and act based on that decision in an appropriate way. The Am-IDSS
takes future events into account and builds, predicts, and evaluates a model for the future. Anticipation
has employed the concepts of the AI, such as case-based reasoning (CBR) to anticipate the user’s desire.
The use case diagram in Figure 3, illustrates the relationship, performance, and actions among the users
and the components of the Am-IDSS system.

Figure 3. The use case diagram to identify the action and relation among users and components of Am-IDSS.

B. AmI’s features
AmI is applied for smart manufacturing for supporting industrial communication among components
involved in the production process, manufacturing data flow, and advanced machinery. The shareable
information should be understandable between users and ambiance. Following features identify how
AmI can merge and help to the IDSS.
In the manufacturing process, a part of the information is explicated from human operators.


The information could be in the form of natural input such as spoken language and handwriting
through the touch screen panel and gesture. Technologies which can help in capturing
information in this step could be digital pen or handwriting and speech recognition.



The information could be in the form of observations and experiences about the statue and
problems in the process and from the environment. Wireless handheld devices, tablet, mobile
phones, wearable devices such as keyboards, in-cloth, data gloves, smart glasses or augmented
reality (AR) could be used for recording the information during the observation or experience.
Biometric authentication and authorization can help the operator to be identified and record the
observed or experienced information.



The information could be in the form of a request from the operator. Consider operator has the
lowest knowledge about the information (no name of information, no information about the
location or format), mobile communication and interoperability technologies such as Bluetooth,
wireless local area network (WLAN), general packet radio service (GPRS), and universal
mobile telecommunications system (UMTS) can aid operator to access to get an update the
information. The collaborative working environment is the core for providing these services to
the operator.



Information could be unstructured, about any needs, or forwarding materials from a single
operator, or during the collaborative work. For the unstructured information, the

interoperability network and ubiquitous communication system could handle the information
sharing procedure task.
In the manufacturing process, a part of the information is the output of devices in AmI system.


The output information could be in the form of personalized information about the operator, or
context-dependent. Wireless handheld devices or wearable output devices, such as the headset,
head-mounted display, AR or other display attached devices could record this information from
the operator.



The output information could be assistance or answer from active users in return of operator’s
question. The active assistance or answer could deliver to the operator through visual
infrastructure equipment or optical/acoustic output devices such as light, pointer, and horn.



Any other communication in the form of visual and voice user interfaces for communication
with a collaborative partner or ambiance could be done in network interoperability and
ubiquitous communication system.



Information which is impossible and inaccessible to be captured or recorded can be simulated
from haptic or kinesthetic computing for remote control.

In the manufacturing process, a part of the information is the environmental input.


The information could be from sensors of the underlying environmental conditions such as
temperature, humidity, and vibration. Basic ambient sensors could capture this information.



The information could be in the form of the spatial situation. The camera system or spatial
surveillance and change detectors could identify the location and identification of things.



The information could be about the hazardous changes in the environment. The sensitive
sensors could alert about these critical changes.

In a manufacturing process, a part of the information is the knowledge about the ambiance, process,
and interactions.


The information could be about the status of the process, machine, products and material, such
as spatial structure, location, and movement. The radio frequency identification (RFID) tags,
camera system, and geographical positioning system (GPS) could capture the location and
movement information, and service-oriented architecture (SOA) in collaboration with the data
acquisition system could handle the device communication targeting on the internet or webbased system.



The knowledge could be about the current or historical status of manufacturing components,
devices, and products. The manufacturing status could show the environmental characteristics,
date/time information, or human activities. For KM, the multi-agent technology could be
employed in a distributed information and communication technology (ICT) environment and
executive information systems (EIS) such as CBR and rule-based reasoning (RBR) for
managing knowledge sharing and interpretation.



The knowledge could be about the business process or semantic relationship of user activities
and production process. This form of knowledge can be restored, shared, and analyzed through
the SOA, semantic web, ontologies, network interoperability, and ubiquitous communication
system.

The features of AmI are described through the elicitation, documentation, and managerial aspects of a
system in Figure 4.

Figure 4. Analysis methodology for features of Am-IDSS.

C. AmI’s Implementation into IDSS
Analytical techniques for decision making continue to advance in efficacy, as well as complexity.
However, it is sometimes unrealistic to employ complex analyses during time-constrained. Embedded
analytics tools provided by AmI can offer an effective and practical means for real-time decision making
and emergencies. For this purpose, embedded devices can be implemented in the manufacturing tools
and machinery to collect and record all the necessary information, on the other side, decision-makers

can be equipped with embedded intelligent devices to capture online data and analyzed the system
configuration.
To deal with different working situations, users and decision makers have to be aware of essential
elements in the situation and to interpret it correctly. Being constantly aware of all these elements is a
difficult task for human users and may lead to cognitive overload. Based on contextual knowledge
reuse, high-speed simulation, and advanced visualization techniques, context-aware products can
provide proactive support for different manufacturing tasks. The context-aware roadmap can support
decision makers to be aware of sudden changes in the manufacturing environment when they are facing
a massive pool of decision information.
In a smart manufacturing environment, decentralized DSS can be used and managed by decentralized
decision makers. In such cases, local decision-makers are required a customized DSS system based on
their knowledge, working environment, and decision tasks. AmI can support IDSS to be personalized
for different levels of users and decision makers.
Smart manufacturing is a dynamic manufacturing environment which is flexible with any change from
customer orders to scheduling, inventory, supply chains, and retails. Therefore, all components of the
production process are adaptable with any changes, including an IDSS. Also, decision making for smart
manufacturing is a group decision-making process (centralized) where each in the group has their
authority to make and implement a regional decision (decentralized). Therefore, a decentralized IDSS
in the inner layer and a centralized IDSS in the outer layer are adaptable with all types of assessments,
theory, and pleasant thoughts.
Preventive maintenance, cost prediction, customer order forecasting, response-based supply chain,
remanufacturing program, time-dependent sustainability, open manufacturing, and many other
phenomena in this era of digital transformation are all possible under the umbrella of anticipated IDSS.
Anticipation is required to prepare the current setting to face future trends. Future trends could be based
on national strategy roadmaps, potential co-manufacturing (i.e., the case of fabless companies or open
manufacturing), and customer expectation and evaluation.

FUTURE RESEARCH DIRECTIONS
Developing IDSS for AmI environments such as homes, hospitals, industrial factories, touristy spots,
cultural-heritage sites, and work-places is required for advanced technological research and
development. To implement AmI, three questions should be asked about products or services including:
How this product is intelligence? Where is the location of the intelligent device? Is it a single item or
aggregation of different items?
For proposing future research directions, we attempt to offer a broader vision of the requirements for
designing a smart DSS associated with ambient intelligence. These requirements are barely indicated
in the literature with regards to analytic context and thus are known as being the new obligations for
the next step towards smart decision making. In the following, we discuss some of the highlighted topics
in this chain.
Game and Am-IDSS: Applying game theory and learning algorithm for Am-IDSS and behavioral
modeling in the IoT-based system would be novel future research. Players decide to leave or stay in
their node by receiving the information from the neighbor nodes. The utilities of players' actions in the
game would be changed by the rewards and penalties of interaction with the environment, which can
be considered as a bargaining game model.
Am-IDSS Applications in Agriculture: Am-IDSS is very critical in precision agriculture, including
farm processes, farm management, data chain, network management organization, and network
management technology. The cloud-based cyber-physical management cycle of smart agriculture has
three aspects of smart sensing & monitoring, smart control, and smart analysis & planning. More
researches are needed on AmI based farm management, which is based on sensing and monitoring the
farm performance, analysis and decision making to reach the vision performance, and intervention to

revise the farm processes. Moreover, in Am-IDSS agriculture environment, there are many challenges
in data ownership associated with security and privacy, data quality, farm intelligent processing and
analytics, sustainable integration of farm big data sources, stockholders' business models, and openness
of farm solution platforms. A fruitful future research direction would be Am-IDSS for agricultural
environment considering the big data challenges.
Combining AI and Operations Research in the planning of Am-IDSS Systems: Planning can be
divided into deliberative (plan and execute without dealing with unexpected events), reactive (reacting
to stimulus in a much more fundamental way) or hybrid (combining the best of deliberative and reactive
policies). The environment of ambient systems should support planning and guide users intelligently.
Planning should be intelligent either offline or online, and most of the time is related to some
optimization task. Intelligent-computational and nature-inspired algorithms such as Taboo Search,
Genetic Algorithm, Particle Swarm Optimization, Simulated Annealing, and Ant Colony could play the
role of optimization engine. For example, in intelligent transportation DSS, the driver should get
feedback both from inside the vehicle and outside such as pickup and delivery route planning under
time windows, three-dimensional loading, and network congestion. Developing more integrated
optimization and AI techniques (such as hidden Markov models, logical programming, fuzzy systems,
case-based programming, multi-agent programming, and ontologies) for the planning of Am-IDSS
would be another challenging topic.
Am-IDSS in healthcare: Our final suggestion as a future research possibility is to integrate
interconnected Am-IDSS, service innovation, and open innovation in Health 4.0 and smart hospitals. In
a smart hospital, the IDSS could be used by different layers of users, including, patients, staff, and
patients’ accompaniers. Ambiance could be classified in various departments and sections, such as
pharmacy, patient room, operation room, nursing station, waiting room, emergency department,
laboratory, etc.
Digital Twins and Am-IDSS: Personalized production and distributed manufacturing are in the center
of attention during this revolutionary period in industrial technology. On the other hand, mass
customization and production required additional investigation on the cost and time for design and
production. Digital twins, as a digital representation of products, can be utilized for configuration of
manufacturing elements, synchronized information, and functional units. In the Am-IDSS real-time
monitoring of the present production, tracking information from the past, and operational decisionmaking support for the future is feasible for implementation of digital twins.
Blockchain and Am-IDSS: In an open and distributed decision-making system, trust, efficiency, and
accuracy are the key important factors for decision makers. A platform that can guarantee the quality
of data and identify trustee users is necessary for an Am-IDSS. Blockchain is a platform that can be
used to express and enforce inter-organizational agreements, control all H2H interactions, and provide
an immense interfaced interaction environment for human users.

CONCLUSION
IDSS is critical for intelligent decision making in smart manufacturing. In this study, we have reviewed
the roles of human factors in IDSS to design an AmI structure for smart manufacturing systems and
engineering applications. Integrating HCC modeling, human factors, SOA, semantic web, and AI
propose novel ideas for making smart decisions with complex objectives in smart manufacturing. In
smart manufacturing and Industry 4.0, communication among machine users and human users play a
critical role in automating strategic, knowledge sharing, and tactical decision making. Therefore, the
implementation of an IDSS in manufacturing ecosystem will lead managers towards smarter decision
making for the efficiency and effectiveness uses of human resources. In conclusion, there are many
large scale optimization problems in IDSS based on AmI in smart manufacturing that we encourage for
further investigation in Fathi et al., (2019) and Velasquez et al., (2019).
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KEY TERMS AND DEFINITIONS
Ambient Intelligence (AmI): Refers to a data-intensive environment that senses changes in state and
responds appropriately to correct, act and alert. The goal of this sensor-rich AmI environment is stability
and homeostasis.

Case-Based Reasoning: The process of learning to solve new problems based on the solutions of
similar past problems.
Context Awareness: The property of mobile devices which define the location awareness. The location
is used to identify how a particular process is operating around a contributed device, such as a
smartphone.
Executive Information Systems (EIS): A branch of management information system which facilitates
the decision-making system’s needs. EIS merges with user-experience knowledge. In recent years, by
entering advance technologies such as augmented reality, and turning to a smarter environment, EIS
lost its popularity.
Haptic/ Kinesthetic Computing: A mechanical simulation for creating the sense of touch by applying
vibrations, forces, or motions to users for controlling the virtual devices or remote-control machines or
robots.
Human-Centric Computer (HCC): The design, development, and analysis of a mixed-initiative
human-computer system. It emerges two concepts of human-computer interaction and information
science together to increase the usability of information and system by human and machine.
Pervasive/ Ubiquitous Computing: Accessibility of computing in any place at any device and with
any format, through the aid of mobile computing, sensors, internet, AI, context awareness and humancomputer interaction.
Rule-Based Reasoning: The process of learning to solve new problems based on the research and the
application of AI.
Semantic Web: An integrator which provides a framework for sharing and reusing data for every
application, enterprise, and community. It is an extension or the World Wide Web.
Service-Oriented Architecture (SOA): The software-based design of services for application
components over a network and communication protocol. One individual SOA system can contain other
sub-SOA, it is self-contained and acts and updates independently from its vendor.

